The availability of rail infrastructure resources is a major driver of rail operations performance. To evaluate the impact of infrastructure provision, network simulation models can be used to accurately represent train traffic behavior in a wide range of scenarios. However, performing this task can result in a problem of high combinatorial nature as the number of factors and their associated levels increase. This requires more sophisticated techniques such as experimental design formulations or optimization modeling in order to yield satisfactory results. Yet the research in network simulation models for rail systems has hitherto been limited to simple whatif analysis, made up from few factors that cannot represent the whole spectrum of interventions. This is especially critical in closed-loop rail systems where trains are subject to various interferences. Local improvements can be misleading as the queues are merely transferred within the network. Considering this, we propose a hybrid simulation-optimization model to aid the strategic decision of minimizing supplementary capital costs in a heavy-haul Brazilian railroad under construction. As soon as the railroad is completed, investments in both loading and unloading rail terminals will be necessary. First, we developed a representative and flexible model capable of dealing with complex relations between variable infrastructure provision and the resulting operational performance. Then, we simulated this system to prove that the current set of proposed infrastructure resources cannot meet the transportation demands. Afterwards, we demonstrate that local improvements can be delusive as the queues are shifted from loading to unloading operations, reciprocally. Then, we solve an optimization model to define the minimal supplementary investment in order to meet the commercial goals of mining companies. This is done by choosing the best trackage configuration, equipment quantity and capacity and fleet sizing in 3 different production scenarios. The best values of the objective function were found by improving both loading and unloading equipment and increasing the number of trains.
INTRODUCTION
Increasing demand in rail transport puts hard pressure in existing rail infrastructure. Insufficient infrastructure resources can lead to rapid congestion in rail networks (Gorman, 2009) as train delays increase exponentially with growing traffic (Sogin, Barkan and Saat, 2011) . The resulting poor operational performance entail low level of service for rail costumers (Pouryousef and Lautala, 2015) , worsening rail transport competitiveness.
Previous models investigated the impacts of infrastructural changes in railway operations (Dessouky and Leachman, 1995; Dessouky, Lu and Leachman, 2002; Atanassov and Dick, 2015) . Although important correlations were found, these models did not cover a wide range of infrastructure parameters. This fact is particularly critical in railways running on a closed-loop framework composed by unit trains (carrying the same commodity). In such systems trains are formed once in the network with a fixed number of railcars and run through the following closed circuit without being split or stored in the route: (i) loading; (ii) moving loaded to a rail port terminal; (iii) unloading; and (iv) moving empty to a loading terminal (Franzese, Fioroni and Botter, 2003; De Faria and Cruz, 2015) . Closed-loop systems are modeled as opposed to the ordinary dispatching model, where trains are formed and disposed in the edges of the network with the purpose of analyzing line utilization and total delay. Cyclic trains are subject to several interferences from both interaction with other trains and disruptions in loading and unloading processes. Therefore, local and isolated solutions are ineffective since queues are only transferred within this closed circuit.
Moreover, the railway industry is very capital intensive and the provision of infrastructure is very costly (Abril et al., 2008; Gorman, 2009) . Although managing the existing capacity is a more cost-effective approach, growing traffic will eventually require capital expansion. Thus, from a wide range of possible improvements one must choose a subset that meets the expected performance at minimal cost. So far, it appears that not only rail modeling is limited to a narrow and unintegrated range of infrastructural solutions but they did also not account for the cost dimension of the decision-making process.
Against this backdrop, we propose a hybrid simulation-optimization model to fill this gap in the railway modeling research. The Brazilian heavy haul West-East Integration Railroad (Ferrovia de Integração Oeste Leste -FIOL) and its branching lines in loading and unloading operations is chosen to perform this task. We prove that the current set of infrastructure parameters will not be able to meet the transportation demands from iron ore mining companies.
By pointing out the bottlenecks of the system, we also demonstrate that local solutions do not achieve the desired goal, demanding a broader experimental approach. This work consists of 3 steps: (a) modeling freight train traffic and associated activities within this supply chain; (b) simulating this model in a discrete-event basis to obtain the annual volume of iron ore delivered in port; (c) based upon the simulation results, minimizing total investment in tracks, vehicles and equipment in the system, subject to the mining companies' commercial goals and operational constraints.
LITERATURE REVIEW

Railway Traffic Modeling
The rail planning literature considers three classical levels of management decision-making: strategic, tactical and operational (Assad, 1980; Crainic and Laporte, 1997; Marinov, Zunder and Islam, 2010) . Strategic decision involves the highest level of management and determines capital investments over long time horizons. Tactical planning, in turn, focuses on resource allocation to meet demand origin-destination requirements in the medium term. Finally, operational planning is concerned with day-to-day activities of the railroad, such as empty car distribution, locomotive scheduling and dispatching decisions to solve train conflicts.
An important measure to be determined in this context is rail capacity. Rail capacity is referred to as the maximum number of trains that can operate on a pre-defined infrastructure, during a specific time interval and given some operational conditions (Abril et al., 2008) . A rail network consists of lines of track (links) associated with stations, junctions and yards (nodes) where freight trains undergo several activities such as classification, fueling and loading/unloading operations (Assad, 1980) . A malfunctioning railway node may compromise the entire service, causing upstream delays and downstream idle periods (Marinov and Viegas, 2011) . Therefore, capacity analysis must be performed in a global and integrated manner, i.e. in a network-wide perspective (Crainic and Laporte, 1997) .
There are three main methods to evaluate rail capacity: analytic, optimization and simulation (Petersen and Taylor, 1982) . Analytical methods aim at defining a preliminary solution, often used as a reference or comparison (Abril et al., 2008) . They consist of mathematical formulae or algebraic expressions that relies on several assumptions about system modeled (e.g. queuing theory). However, modeling real-world train traffic analytically is a very complex task. Dessouky and Leachman (1995) state that compound delays and ripple effects from train conflicts pose a hard challenge on developing analytical models.
On the other hand, optimization strategies are employed to provide the feasible best (or near best) solution to routing traffic through the rail network. These models are often concerned with minimizing total delay (or costs) or maximizing the number of trains in a timetable by means of mixed integer linear programming formulations or meta-heuristic algorithms. An extensive review of these models and methods and their applicability can be found in Caimi, Kroon and Liebchen (2017) . A recent trend in optimization models is the real-time rescheduling problem, applied to when the traffic is disrupted and a new schedule must be developed quickly. Corman and Quaglietta (2015) address the main challenges in their applicability and highlight the best available control scheme to implement such solutions.
Simulation methods, in turn, attempt to imitate the movement of trains through the railway network, taking a given set of parameters such as trains, lines, yards and operation policies as inputs (Assad, 1980; Abril et al., 2008; Motraghi and Marinov, 2012) . Because simulation models prescind from typical unrealistic assumptions of analytical models, they can represent very accurately real-world systems. Train traffic is rather complex and dispatching rules can be more realistic represented by simulation models (Medanic and Dorfman, 2002) . Moreover, train movement in rail yards are very contingent on yard layout and operational policies that vary greatly from case to case. (c) validation, to confirm that either a proposed scenario or a modeling approach represent the real-world system; and (d) enhancement, when the simulation is combined with techniques such as optimization modeling to improve the solution.
In the rail context, simulation methods seem to be a preferred approach between practitioners. Ferreira (1997) explains that optimization models have not been widely embraced by rail organizations because of the complexity of the overall task and practical issues (Corman and Quaglietta, 2015) that prevent optimal results from being implemented. Michal et al. (2017) reinforce that view stating that optimization models require the decision makers to have a good grasp in mathematical modeling, limiting their use in real situations.
To work with comprehensive data input a simulation tool is required. Well-known specific rail network simulation software are RailSys and OpenTrack, used in Europe, and Rail Traffic Controller (RTC), the foremost software used in North America (Motraghi and Marinov, 2012) .
It is also possible to work with general purpose simulation software such as Arena and Simul8 to represent train traffic (Marinov and Viegas, 2011) . They provide an intuitive platform that eases the simulation modeling task and allows for complex reality implementation. There are also cases where new simulations platforms are developed in Michal et al. (2017) and Hernando, Roanes-Lozano and García-Álvarez (2010) .
Due to the abovementioned arguments, simulation network models are the focus of this paper. Crainic, Perboli and Rosano (2018) classify the technical implementation of simulation by two perspectives. Regarding the evolution over time, these models can be either static (i.e. time is not explicitly considered, but rather the system is evaluated in a steady state) or dynamic (when the system changes over time). With respect to the inclusion of uncertainty, models can be either stochastic (when random inputs are used) or deterministic (in case the inputs are not uncertain).
Simulation Network Models
Dessouky and Leachman (1995) investigated the implementation of an alternative high capacity corridor near a port area served by three major railroad companies. They concluded that further improvements should be considered in order to obtain a better level of service. Later, Dessouky, Lu and Leachman (2002) proposed doubling and tripling existing tracks and the addition of a passenger train flyover to the same system. Atanassov and Dick (2015) With respect to operational policy, Marinov and Viegas (2011) compared the performance of two productions patterns, namely improvised operations and structured-fixed schedules in a rail freight network in Portugal. In the first case, freight trains leave loading facilities only when they have enough tonnage to fill them to the capacity limits of the rail lines. This is a very common operation pattern in worldwide freight rail networks outside Center and Western Europe (Marinov and Viegas, 2011; Marinov et al., 2013) . Structured-fixed schedules, in turn, are based on the philosophy that freight trains have to be as reliable as passenger, even if they run as reduced formations. In their work, Marinov and Viegas (2011) proved that rail lines and yards presented lower percent of time awaiting work, higher utilization and less saturation. Similar results were found when Motraghi and Marinov (2012) evaluated the inclusion of freight train services within a urban metro system.
Hybrid Simulation-Optimization Models
Simulation can be combined with optimization techniques to enhance the decision-making process and the approaches are often named "hybrid" simulation-optimization (Abril et al., 2008; Crainic, Perboli and Rosano, 2018) . In the rail context, Abril et al. (2008) point out that optimization methods usually obtain a desired train schedule which is validated by means of simulation. There are 3 ways simulation and optimization can interact (Crainic, Perboli and Rosano, 2018) : (a) simulation with optimization-based iterations (SOI), when one or more complete optimization procedures are performed in a simulation run; (b) alternate simulationoptimization (ASO): meaning that simulation and optimization run alternately more than once, with feedback loops in each iteration; and (c) sequential simulation-optimization (SSO): when these methods run after each other, only once, with either optimization following simulation or the opposite. Fioroni (2008) , based on improvements of previous works (Franzese, Fioroni and Botter, 2003; Fioroni et al., 2005) , provided a model to validate empty car loading distribution of cyclic trains in a major Brazilian rail network. In the validation process, the coefficients of a distribution equation were taken as decision variables in order to approximate the simulated tonnage transported to real-world target values. Both an optimization procedure within the simulation (SOI approach) and an ASO procedure were tested against the option of random choice of distribution. The first two approaches presented satisfactory results, with mean error below 5%, meanwhile random choice was 12% far from real values. Camargo and Barbieri (2012) analyzed operational policies involving queueing disciplines in loading/unloading facilities and empty railcar distribution. A heuristic approach was used in an ASO framework in order to choose a subset of combinations to provide a near-optimal operational policy. The authors found that proposed prioritization rules performed better than conventional rules (such as FIFO or random choice) and also that the unloading facility in the port represent the bottleneck of the system.
Behiri, Belmokhtar-berraf and Chu (2018) used a simulation model to verify the results of a schedule provided by a Freight-Rail Scheduling problem. The main objective was to evaluate the addition of freight trains in a passenger rail network in terms of train waiting times and space required by goods to be loaded/unloaded in stations by a SSO approach. The authors found only 2% increase in average travel time when comparing no demands to many (100) demands. Layeb et al. (2018) formulated a Service Network Design optimization model in a multimodal perspective, including roadway, railway and waterway modes, using more realistic travel time inputs with skewed and multimodal distributions. In an ASO procedure, a multi-objective function considering transport costs, delay and CO2 emissions was minimized. The authors managed to obtain on-time delivered services in more than 90% of times within reasonable computational time (less than or equal to 60 min).
Summary and Timeliness of the Research
A summary of the simulation network models discussed is chronologically shown in Table 1 .
The second column indicates whether or not dispatching rules (DR) were considered in the model. This is an important part of railway modeling as a consequence of the exponential relationship between traffic volume and train delays that occurs mainly in single lines. Some models (Camargo and Barbieri, 2012; Layeb et al., 2018) use historic travel times without considering this feature and then are not appropriate to evaluate increase in train volume.
Columns 3 to 7 indicate if and how some types of features were used in the model. Columns 3 to 5 refer to infrastructural parameters in line tracks (LT), loading facilities (LF) and unloading facilities (UF), meanwhile columns 6 and 7 are related to railway vehicles (VE) and operational policies (OP). Cells marked as "F" means that, though modeled, values remained fixed, i.e. they were parameters in the simulation. "SWI" stands for simple what-if investigation, meaning that few scenarios were simulated with no concern with either experimental design approaches or optimization modeling. "DOE" means that a design-of-experiments method was carried out and "OPT" indicates that a hybrid simulation-optimization was used (either SOI, ASO or SSO).
Cells in blank means that such features were not modeled at all. Finally, the last two columns in the table indicate if closed-loop trains were represented and the location of the real-world system modeled, respectively. (number of trains). Unlike the majority of the models, we aim at aiding a decision-making process in strategic level.
Given the research background in simulation network models, the current work is relevant for the following reasons:
(a) Most research focus on investigating the impact of train volume and heterogeneity (VE) or operational policies (OP). Whenever infrastructure variables were considered,
authors analyzed few what-if scenarios or, alternatively, only one type of infrastructure variable in a DOE framework (Atanassov and Dick, 2015) .
(b) Although the impact of infrastructure alternatives on operational performance was tested, there were no concern about the costs involved. This fact is stressed by Dessouky and Leachman (1995) in the results of their paper. Since capital outlay is exceedingly costly in the rail mode, it would be more appropriate to carry out this task within a costbenefit framework.
(c) Loading and unloading facilities are rarely investigated, if ever modeled. These are important rail nodes that, when disrupted, may cause upstream delays and downstream idle periods in line tracks. Operational performance of cyclic trains is specially harmed when this occurs.
(d) Few models consider trains running in a closed-loop fashion. The economy of scale appeal in transportation of iron ore, coal, grains and other commodities compels these freight trains to follow an improvised operation pattern (or semi-structured schedules, at best). Cyclic trains make up more than 80% of Brazilian railway transport, but it is also present in other freight networks such as Australia (Michal et al., 2017) , North America and Western Europe (Marinov and Viegas, 2011) . Despite the benefits of structured-fixed schedules, this operational production pattern requires high level of management standardization that has not yet been fully implemented. km/h for empty trains and no passenger service is envisaged to run in FIOL. Then, there is no concern about priority heterogeneity in this railroad.
System Modeling and Simulation
The transport of iron ore plays an important role in the feasibility of FIOL. It is expected that 70% of total freight revenues comes from the transport of such commodity in early operational phase (Brasil, 2010) . For this reason, the scope of the model is limited to train traffic in 539 km of tracks between Caetité and Ilhéus, including train activities in loading and unloading terminals. The construction of this stretch of railroad achieved 80% of physical progress and, when completed, further investments in nonexistent loading/unloading terminals and vehicles are going to be necessary. Although upstream train movements and activities from
Figueirópolis to Caetité were not modeled, the expected flow from these trains within the region modeled were considered.
The iron ore rail freight is conceived based upon a closed-loop system. As mentioned before, cyclic trains are unitarian trains with a fixed number of railcars that run continuously through a closed-circuit comprising loading, moving loaded to a port rail terminal, unloading and moving empty to a loading terminal next to the mines. These trains are subject to several interferences from both interaction with other trains and disruptions in loading and unloading processes.
To model this system, we used a decomposition approach, breaking down the rail network into 3 components: rail lines, rail loading terminal and rail unloading terminal. Marinov and Viegas (2011) point out that this is a practical approach that has already proven its credibility. By bringing these pieces together the railway network can be precisely modeled. The conceptual models from these three parts are described in sections 3.2.1 to 3.2.3.
Rail Line
The 539 km of tracks between Caetité and Ilhéus consists of single lines interleaved by 19 sidings. A typical iron ore train consists of 2 locomotives and 140 gondola railcars. In order to fit these trains, sidings between Caetité and Ilhéus have 2023 m length. The conceptual model for train movement in rail lines has the main objective to the decide whether to halt or allow for each train to move to the next section of track. The decision of halting a train is made in order to avoid a frontal collision, a rear collision or a deadlock. According to Pachl (2007) , "a deadlock is a situation in which a number of trains cannot continue along their path at all because every train is blocked by another one". A typical deadlock situation is depicted in Figure 2 , where no trains can move forward in their routes. The decision rules to avoid such situations are usually tackled by discrete event routines (Medanic and Dorfman, 2002; Fioroni et al., 2013) . In each discrete step an algorithm within the simulation checks if a deadlock situation is going to occur. In the case of FIOL, every time a train requires an upcoming movement, the routine described in the flowchart of Figure 3 must be checked. We allow for a line to be either single or double by creating a user-defined vector containing 1's or 2's, respectively, for each block section from Caetité to Ilheus. Thus, the model can flexibly handle different situations of track configuration. Before allowing the movement, the routine checks if the requester train is supposed to enter a loading or unloading area in the next siding (e). If so, the current model calls another model (relative to either rail loading terminal or rail unloading terminal) to seize a specific line in terminal and the train proceed to the movement. Note also that if there is a double line ahead, the only concern is about the occupation of the next block section (d).
The decision-making process is made by analyzing a dynamic vector that corresponds to the current state of occupation of all block sections in the system. "0", "1" and "2" indicate no occupation, occupation in the loaded direction (mine to port) and occupation in the empty direction (port to mine), respectively. This value can also be equal to "3", when a siding is occupied with 2 trains in opposite directions (2 + 1).
Once the movement is authorized, the train releases a block section and seize the forward one, changing the values of the dynamic vector relative to these section blocks. Trains carry attributes related to the direction of travel ("1" for loaded direction and "2" for empty direction).
This attribute is changed as soon as trains leave terminals. As they seize (release) a section, the vector slot relative to this section is added (subtracted) by this attribute value. Therefore, it is possible for all trains in a discrete step in time move onwards or wait for an opportunity to do so.
Rail Loading Terminal
There are 2 sites for iron ore loading in FIOL, namely Caetité (km 989) and Brumado (km 1145). In both places, trains are received in an arrival/departure yard with 2 lines in the vicinity of a siding, according to the illustrative scheme in Figure 5 . Then, the locomotive driver is replaced by a yard locomotive driver and the train waits for authorization to access the balloon loop line where there is an iron ore silo loading system. After authorization, the yard locomotive driver rides the train in constant speed through the balloon loop while the railcars are loaded under the silo. Once the loading operation is completed, the yard train driver requires access to a line in the arrival/departure yard. Then, the railcars are examined, the yard train driver is replaced by a new train driver which performs train breaking tests. Finally, the loaded train requires authorization to the operations control center to travel back to the port. To prevent a deadlock from occurring in the rail loading terminal the model depicted in Figure   6 was developed. The first verification starts with the unloaded train located in a siding "X" right before the rail loading terminal. The rules can be applied to any value of without loss of generality. For the sake of simplicity, we do not consider maintenance aspects of the system, i.e. the time elapsed from the end of unloading operation to the formation of the train is considered as if all railcars are not defective.
Simulation
The conceptual models from previous sections were implemented in Arena, developed by Rockwell Software, the most used simulation tool in supply chain and logistics (Oliveira, Lima and Montevechi, 2016) . The computational model is developed by attaching command blocks to the work area representing pre-defined actions in the SIMAN language. The software allows for an intuitive development environment that facilitates the construction of models and their evaluation by standardized reports and experimental routines.
All input values of the model were collected from operational reports from both FIOL (Brasil, 2010) and South Port (Bahia, 2011) . Time values include but are not limited to: loading and unloading times, travel times between sidings, inspection and breaking tests and licensing authorization. As these values are deterministic, we carried out a simulation in a dynamicdeterministic fashion.
The entities of the model are the trains, inserted by CREATE blocks. Two CREATE blocks generate a pre-defined number of cyclic iron ore trains at Caetité and Brumado that move through the system until the end of simulation. Eight CREATE blocks are placed at the borders of the system (4 in Caetité and 4 in Ilhéus) to generate the volume associated with grain and ethanol trains in both directions. The times between arrivals for these eight CREATE blocks were defined based on the generation of trains from Figueirópolis, Combinado, Barreiras and Correntina. As soon as these trains hit the opposite frontier relative to where they were created, a DISPOSE block remove them from the system.
The trains move through the system between geographically separated locations (represented by STATION blocks) using ROUTE blocks. They obey the model logic and demand resources (such as rail lines and equipment like silos and car dumpers) as soon as they are available. After being used, the resource is released and becomes available for another train to use it. All this process is performed by using SEIZE, DELAY and RELEASE blocks. When these resources are busy or the trains are not allowed to use them in order to avoid an accident or a deadlock, they must wait for a favorable condition. In these cases, they wait in the queue of either a SEIZE block or a HOLD block, the latter being able to deal with more complex logical decisions.
Important times are recorded such as waiting times, time elapsed within terminals as well as the whole iron ore cycle (load → move → unload → move). It is also recorded the total tonnage delivered in port for a specific period by RECORD blocks that store this quantity in a tally variable.
The system works in a non-terminal fashion, i.e. it starts in a specific period of time and runs indefinitely. Since the system starts empty, the first trains move throughout their routes without facing conflicts with other trains, biasing down the average iron ore cycle time. Accordingly, it was defined a warm-up period of 200 hours in which the results are removed from the simulation. Thus, the system is analyzed from the stationary state onwards. As the simulation is deterministic it was carried out a unique replication of 1 month to produce and analyze the outcomes.
Optimization Model
The proposed optimization model was motivated by the hypothesis that the current set of projected infrastructure parameters does not provide an operational efficiency that meets the overall mining production from Caetité and Brumado. As soon as the construction of FIOL finishes, it will be necessary to incur in supplementary capital costs related to rail terminals and vehicles. Then, some interventions considering trackage configuration, quantity and capacity of equipment and fleet sizing are tested in order to achieve this goal at minimal cost. The model is defined as follows:
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In the objective function (1) is the cost of a car-dumper equipment of type (in R$/unit) and is the length of the balloon loop (in km).
g) Arrival/departure yard next to the unloading rail terminal ( ):
Where is the decision variable relative to the number of lines in the arrival/departure yard next to the port and is the length of a line in this terminal.
The cost values above ( . ) were gathered from the operational reports mentioned before (Brasil, 2010; Bahia, 2011) and surveys conducted with the Brazilian National Agency of Land Transport and the commercial department of the equipment manufacturing company Thyssenkrupp. As these nominal values did not correspond to the same moment at time, they were adjusted for inflation to the base year of 2019.
The inequalities in (2) and (3) guarantee that the monthly iron ore delivered in port, and , are greater than or equal to pre-defined goals and , respectively. Next, the constraints (4) to (7) assure that all trains are met by at list 1 silo system in their loading operations and by at least 1 car dumper system in their unloading port terminals. The ranges from (8) to (16) define a hyperspace of feasible solutions for the integer decision variables of the model. Finally, (17) and (18) define variables as either integer or binary, respectively.
As mentioned before, the approach to solve this problem is given by an alternate simulationoptimization (ASO) approach in which a search algorithm uses the results of a simulation trial in order to continually improve the solution. This model is solved using OptQuest, a commercial software provided by OptTek System Inc. OptQuest uses a combination of meta-heuristics like tabu search and scatter search along with neural networks for its search algorithm (Layeb et al., 2018) . From an initial solution given by the user, it was defined a maximum number of iterations equal to 2000 to observe the evolution of the objective function.
COMPUTATIONAL RESULTS AND ANALYSIS
The model was validated by comparing the average cycle time of iron ore trains loading in Caetité given by the simulation to the results observed in previous operational studies (Brasil, 2010) ,for two production levels. The first production level accounts for only 6 iron ore trains loading in Caetité whereas the second includes other trains from Barreiras, Correntina and Combinado. The model produced satisfactory results with cyclic time differential of 3,54% in the first scenario and 1,33% for the second one. The model was also verified with respect to the rules developed in sections 3.2.1 to 3.2.3, producing neither deadlocks nor insecure conditions.
Simulation of Baseline Scenario
The baseline scenario consists of single tracks ( = 0, ∀ ), 6 trains loading in Caetité ( = 6), one silo loading system of type I for Caetité and Brumado ( = = 1), 2 lines for the arrival/departure yard in the loading terminal for Caetité and Brumado ( = = 2), no additional unloading terminal ( = 0), a double car dumper system ( 1 = 1) and 4 lines in the arrival/departure yard next to the unloading terminal ( = 4).
The production goals for the mining companies is roughly = 1.67 million t/month for Caetité and = 2.92 million t/month for Brumado. However, the number of trains for the latter was not investigated in early operational studies (Brasil, 2010) as new mining companies intended to join the supply chain afterwards. The impacts of the inclusion of trains loading in Brumado in the total tonnage delivered in port is shown in Figure 9 . According to the simulation outcomes no combinations among = 6 and = {0, . . . ,12} result in the desired production goals for both sites. To diagnose the causes, resources utilization was observed. In fact, for ≥ 7, the average occupation rate of the yard/departure lines and silo loading system of the rail loading terminal in Brumado is nearly 100%. Consequently, trains loading in that site have to wait in the mainline of FIOL, provoking queues that harms overall cyclic times for all trains, including those loading in Caetité. The simulation animation in Figure 10 depicts this fact: To tackle this situation, singly improving the loading operations in Brumado is not effective, as the queues are transferred to the port in a closed-loop system. The plot in Figure 11 shows how the daily average total time in queue decreases in the loading process to the detriment of an increase in the queues in port. It worth mentioning that this solution does not achieve the production goals for the mining companies. As one can see, the queues practically disappear for loading times lower than 3.57 h/train, causing an expressive rise in those queues related to the unloading terminal area. The reciprocal situation (queues transferred from unloading to loading operations) were also observed by solely improving the car dumper capacity. As the number of interventions is considerably high, we then solve the optimization model discussed in Section 3.3. 
Simulation-Optimization Results
The simulation-optimization model was run in an Intel Core i5 3.2 GHz processor, with 4.0 GB RAM. The initial solution provided was = 6, = 9, = 1, = = 1 = 2 = 1, = = 3, = 4 and = 0, ∀ . All remaining decision variables were assigned the value 0. The model was executed 3 times considering the current production goals for Caetité and Brumado (baseline scenario) along with 10% and 20% increase in such levels.
The results are presented in Table 2 : Table 2 
